This paper analyzes the predictive content of the level, slope and curvature of the yield curve for U.S. real activity in a data-rich environment. We find that the slope contains predictive power, but the level and curvature are not successful leading indicators. The predictive power of each of the yield curve factors fluctuates over time. The results show that economic conditions matter for the predictive ability of the slope. In particular, inflation persistence emerges as a key variable that affects the predictive content of the slope. The slope tends to forecast output growth better when inflation is highly persistent.
Introduction
Economists have long understood that the behavior of the yield curve changes across the business cycle. In recessions, short-term interest rates tend to be low because the Federal Reserve lowers the policy rate in order to boost economic activity. The longterm rates tend to be high relative to the short-term rates because the Fed is expected to raise the short-term rate in the future when the economic conditions get better.
The slope of the yield curve, or the term spread, is thus positive in recessions. In contrast, the Fed raises the short-term rate when the economy is overheating or facing inflationary pressures. A slowdown in real activity typically follows such a policy with a lag. Monetary policy tightening will raise both short-and long-term interest rates.
If monetary policy is expected to ease once economic activity or inflation declines, the short-term rate is likely to rise more than the long-term rate. Therefore, the yield curve tends to flatten or even invert before slowdowns. This discussion suggests that the short-term rate tends to be procyclical, and the slope of the yield curve tends to be countercyclical. Based on this observation, economists have argued that the yield curve might tell us something about future real activity.
Since the late 1980s, a large amount of literature has analyzed the predictive content of the yield curve (see, e.g., Abdymomunov, 2013; Aguiar-Conraria et al., 2012; Bernanke, 1990; Bernanke and Blinder, 1992; Estrella and Hardouvelis, 1991; Hamilton and Kim, 2002; Harvey, 1988; Mody and Taylor, 2003) .
1 This literature has found that the yield curve contains substantial predictive power. In particular, the slope of the yield curve has been identified as one of the most informative leading indicators for U.S. real economic activity (see, e.g., Stock and Watson, 2003) . The relationship between the slope of the yield curve and future real activity is positive; i.e., a high slope precedes periods of strong growth, while a low slope indicates weak activity in the fu-1 For a comprehensive survey of the literature, see Wheelock and Wohar (2009). ture. Other elements of the yield curve also contain information about subsequent real activity. For instance, Ang et al. (2006) find that the short-term rate predicts U.S.
real GDP growth.
Today, much evidence shows that the predictive power of the yield curve fluctuates over time (Estrella et al., 2003; Gertler and Lown, 1999; Mody and Taylor, 2003; Rossi and Sekhposyan, 2011; Stock and Watson, 2003) . For example, many studies have found that the ability of the slope of the yield curve to predict U.S. real growth has largely disappeared since the mid-1980s. There exists no universally agreed-upon explanation why the predictive power of the yield curve varies over time. However, most researchers point out that monetary policy and the yield curve are closely connected.
For instance, Giacomini and Rossi (2006) argue that the changes in the predictive content of the yield curve can be linked to changes in the monetary policy behavior of the Fed. They show that the reliability of the yield curve as a predictor of output growth has changed during the Burns-Miller and Volker monetary policy regimes. In a sequence of papers, Bordo and Haubrich (2004 , 2008a , 2008b suggest that the credibility of the monetary policy is the key determinant of the predictive power of the yield curve. Using a very long data sample from 1875 to 1997, they find that the slope of the yield curve tends to forecast output growth particularly well when the credibility of the monetary policy is low, i.e., when inflation is highly persistent. However, using the same data sample as Bordo and Haubrich (2004 , 2008a , 2008b ) but more flexible methods, Benati and Goodhart (2008) confirm that the predictive power of the slope of the yield curve fluctuates over time, but these changes do not closely match changes in inflation persistence. In a recent paper, Hännikäinen (2015) shows that the real-time predictive content of the slope of the yield curve for U.S. industrial production growth has changed since the beginning of the zero lower bound (ZLB) and unconventional monetary policy period in December 2008. The beginning of the ZLB/unconventional monetary policy era represents a fundamental change in U.S. monetary policy. Thus, the results reported in Hännikäinen (2015) provide evidence supporting the view that changes in the monetary policy regime affect the predictive ability of the yield curve.
There are also other explanations for the apparent changes in the predictive power.
D 'Agostino et al. (2006) argue that the reduced informativeness of the yield curve in recent years is due to the increased stability of U.S. output growth and other key macroeconomic variables since the mid-1980s. When the macroeconomic variable to be forecast is not volatile, simple benchmark forecasting models, like low order autoregressive (AR) models, produce accurate forecasts. In such a case, it is very challenging to find leading indicators that contain marginal predictive power over and above that already encoded in the lagged values of the series to be forecast.
In this paper, we examine the predictive power of the entire yield curve for U.S.
industrial production growth. We extract the level, slope and curvature of the yield curve using the dynamic Nelson-Siegel model developed by Diebold and Li (2006) .
Unlike the vast majority of previous studies, we explore the out-of-sample predictive content of each of the three components of the yield curve in a data-rich environment using factor models. The standard practice in the extant literature is to analyze the predictive power of the yield curve over and above that in the past values of output growth using AR models. There are two reasons why we prefer factor models to AR models. First, factor models provide a parsimonious way to study the crucial issue of whether the components of the yield curve contain predictive information which is not already encoded in other macroeconomic variables. Second, factor models produce substantially more accurate industrial production forecasts than simple AR models (see, e.g., Bernanke and Boivin, 2003; Clements, 2015; Watson, 2002a, 2002b) . We also pay attention to time variations in the predictive power over time.
Finally, and most importantly, we investigate whether the forecasting ability of each of the components of the yield curve can be linked to economic conditions. Following recent papers by Dotsey et al. (2015) , Hännikäinen (2015) and Ng and Wright (2013) , we employ the test of equal conditional predictive ability developed by Giacomini and White (2006) . The novelty of the Giacomini and White (2006) test is that it allows tests of forecast accuracy conditional on a set of possible explanatory variables.
Thus, it enables us to analyze, for instance, how inflation persistence, output volatility, recessions and monetary policy regimes affect the reliability of the yield curve as a predictor of real activity. To the best of our knowledge, no other paper has linked the predictive power of the yield curve to economic conditions in a systematic way. Our paper is intended to bridge this gap.
Our main findings can be summarized as follows. First, the slope of the yield curve is a better predictor of real activity than the level or curvature of the yield curve.
We find that the slope contains predictive power for industrial production growth in a data-rich environment. In contrast, the level and curvature perform poorly in the out-of-sample forecasting exercise, and they are typically uninformative about future output growth. Second, the results reveal that the slope estimated from the entire yield curve outperforms the standard empirical slope (i.e., the difference between the 10-year and 3-month yields). This finding implies that the additional information in the entire yield curve helps improve forecast accuracy. Third, the predictive power of the yield curve components varies over time. For instance, the slope was a particularly informative leading indicator in the late 1970s and early 1980s, but it performed poorly in the latter half of the 1980s and the early 1990s. Fourth, the predictive ability of the slope seems to depend on the state of the economy. The slope tends to forecast output growth more accurately when inflation is highly persistent or when inflation is not highly volatile.
The remainder of the paper is organized as follows. Section 2 describes the methodology we employ in the out-of-sample forecasting exercise. Section 3 introduces the data, and Section 4 presents the empirical results. Section 5 contains concluding remarks. Appendix A provides a detailed description of the dataset.
Methodology
In this section, we describe the econometric methodologies used in the out-of-sample forecasting exercise. The purpose of this study is to examine whether different elements of the yield curve contain predictive power for U.S. real economic activity.
Dynamic Nelson-Siegel yield curve model
We extract the latent level, slope and curvature of the yield curve using the dynamic
Nelson-Siegel yield curve model introduced by Diebold and Li (2006) :
where y t (τ ) is the yield of a zero-coupon bond with maturity τ ; β 1t , β 2t and β 3t are three time-varying latent factors, and λ t is the exponential decay rate responsible for fitting the yield curve at different maturities. A central feature of the dynamic Nelson-Siegel model is that the latent factors β 1t , β 2t and β 3t can be interpreted as the level, slope and curvature of the yield curve, respectively. An increase in β 1t increases all yields by the same amount regardless of their maturity. Thus, β 1t determines the level of the yield curve. In contrast, β 2t is related to the slope of the yield curve because a change in β 2t leads to an unequal change in short-and long-term yields. Finally, an increase in β 3t increases the medium-term yields to a greater extent than short-and long-term yields. Therefore, β 3t affects the curvature of the yield curve. We estimate the latent factors using the two-step procedure proposed by Diebold and Li (2006) . That is, we first fix λ t at 0.0609 2 for all t and then estimate the factors by OLS.
2 As discussed in Diebold and Li (2006) , λ t determines the maturity at which the loading on the curvature factor reaches its maximum. It is often assumed that the curvature is maximized either at 2-or 3-year maturity. The loading on the curvature factor is maximized at exactly 30 months, which is the average between 2-and 3-year maturities, if λ t is set to 0.0609.
Forecasting models
We examine the predictive content of the yield curve using factor models. Factor models are particularly well-suited to deal with a large number of candidate predictors.
The key insight of this method is that predictors are often strongly correlated, and thus, the information in a large set of predictors can be summarized by a handful of unobserved factors. As shown by Stock and Watson (2002a) , these factors can be consistently estimated by principal components. Factor models typically produce more accurate macroeconomic forecasts than alternative forecasting models, such as AR and vector autoregressive models. As a consequence, factor models have become popular in macroeconomic forecasting in recent years.
3
Our forecasting model is the following linear, h-step-ahead factor model, augmented with an element of the yield curve:
where the dependent variable and the lagged dependent variable are y h t+h = (1200/h) ln(IP t+h /IP t ) and y t = 400ln(IP t /IP t−1 ), respectively, IP t is the industrial production at month t,F i,t is the ith principal component constructed from the large set of predictors, z t is either the level, slope or curvature of the yield curve, and ε h t+h is the forecast error. The constant term is explicitly included in the forecasting model (2), and the subscripts h indicate that the parameters are forecast horizon specific.
Out-of-sample forecasting exercise
We evaluate the forecasting performance of the components of the yield curve in a pseudo-out-of-sample forecasting exercise. In this exercise, the forecast horizon h is chosen such that we forecast economic activity one, two, three, and four quarters ahead (i.e., h = 3, 6, 9, and 12). At each forecast origin, the factors are extracted by principal components using the whole data sample available at that date. In contrast, the parameters of the forecasting model (2) are re-estimated at each forecast origin by OLS using a rolling window of 120 observations, corresponding to 10 years of monthly data. 4 We restrict the forecasting model such that it contains only contemporaneous values of factorsF t (i.e., m = 1) and the components of the yield curve. The number of autoregressive lags p and the number of factors k are determined by the data. We consider several variants of the forecasting model (2). The first, denoted by DIAR, includes contemporaneous factors and an element of the yield curve and lags of y t , with k and p selected by minimizing the Bayesian information criterion (BIC), with 1 ≤ k ≤ 4, and 0 ≤ p ≤ 6. Thus, the smallest model that BIC can choose includes only a single contemporaneous factor and a contemporaneous value of the yield curve.
The second variant, denoted by K1 and K2, includes a fixed number of factors (k = 1 or 2) and a contemporaneous value of the yield curve. 5 The third variant is a simple AR model augmented with yield curve information. Thus, the model includes the contemporaneous value of an element of the yield curve and lags of y t . Again, the number of autoregressive lags is selected by BIC, with 0 ≤ p ≤ 6. We denote this variant by AR in the following tables.
Forecast accuracy
A standard way to quantify out-of-sample performance is to compare the forecasting accuracy of a candidate forecast model relative to that of a benchmark model. In our framework, natural benchmark models are obtained by excluding the yield curve 4 The Giacomini and White (2006) tests (discussed below) require limited memory estimators and thus rule out the recursive estimation scheme. 5 We also considered models with three or four factors. The results for these two specifications are qualitatively similar to those reported for the K1 and K2 models. However, the K1 and K2 models produce more accurate out-of-sample forecasts (cf. Stock and Watson, 2002b) . To save space, we report the results for the K1 and K2 specifications only.
information from the forecasting model (2). Therefore, by comparing the accuracy of the forecasting model that includes a component of the yield curve and the benchmark model, we investigate the marginal predictive power of that element of the yield curve.
To facilitate comparisons between the yield curve model and the benchmark, we report the results in terms of their relative mean squared forecast error (MSFE), which is the ratio of the MSFE from the yield curve forecasting model over the MSFE from the benchmark. Values of the relative MSFE below (above) one indicate that the forecasts produced by the yield curve model are more (less) accurate than the forecasts produced by the benchmark model. The statistical significance is evaluated using the one-sided Giacomini and White (2006) test of equal unconditional predictive ability.
We also report the fraction of observations for which the yield curve model generates a smaller absolute forecast error than the benchmark. The reason for this exercise is twofold. First, it allows us to consider whether the yield curve forecasting model qualitatively outperforms the benchmark model. Second, because the MSFE measure gives more weight to large errors, a few extreme forecast errors might bias the MSFE results. The sign statistic, on the other hand, puts smaller weight on outliers and, thus, provides usefull robustness check. We evaluate the statistical significance using the Diebold and Mariano (1995) sign test.
Fluctuation tests
The Giacomini and White (2006) unconditional test tells us whether the forecasts are statistically significantly different from one another on average over the whole out-ofsample period. The unconditional test implicitly assumes that the relative performance of the forecasting models remains constant over time. Giacomini and Rossi (2010) point out that the relative forecasting performance may change over time in an unstable environment. In such a case, average relative performance over the whole out-ofsample period may hide important information and even lead to incorrect conclusions.
In practice, the relative performance of the forecasting models often fluctuate over time (see, e.g., D'Agostino and Surico, 2012; Ng and Wright, 2013; Rossi, 2013) . We analyze time variations in the relative forecasting performance using methods developed by Giacomini and Rossi (2010) Giacomini and Rossi (2010) , the null of equal accuracy between the two forecasting methods at each point in time is rejected.
Conditional predictive ability tests
Finally, we investigate whether the forecasting ability of each of the components of the yield curve can be linked to economic factors. We employ the Giacomini and White (2006) test of equal conditional predictive ability, which provides a simple method for analyzing whether the state of the economy affects the accuracy of the yield curve forecasting model relative to that of the benchmark model. It is important to emphasize that the conditional Giacomini and White test is a marginal test. This means that the conditional test tells us only whether conditioning on a certain variable significantly improves the accuracy of one forecast relative to another, not whether the forecast is actually more accurate. However, we can infer which model produces better forecasts from an auxiliary regression. In this regression, the difference in the squared h-stepahead forecast errors between the benchmark model and the yield curve model, denoted by δ t+h , is regressed on the conditioning variable x t :
The size and sign of the coefficients of this regression determine which forecasting model yields more accurate forecasts. We are particularly interested in the β 1 coefficient.
This coefficient tells us how conditioning on variable x t affects the relative forecasting performance of the two models. For instance, a positive and statistically significant β 1 indicates that conditioning on x t improves the yield curve forecast relative to the benchmark. Otherwise stated, the yield curve contains more marginal predictive power when the variable x t is large.
Data
The data used in this paper come from two sources. The yield data are taken from the Gürkaynak et al. (2007) 
Yield curve data
We use monthly zero-coupon U.S. Treasury security yields with maturities of 3, 6, 9, 12, 24, 36, 48, 60, 72, 84, 96, 108 , and 120 months covering the period from June 1961
to April 2015. The data refer to the yields on the last day of each month. All yields are continuously compounded. Summary statistics of the yields are presented in Table 1 .
A number of important features of the yield curve can be seen from this table. First, the yield curve is typically upward sloping; i.e., the long-term rates are typically higher than the short-term rates. Second, the short end of the yield curve is more volatile than the long end. Third, the long-term rates are more persistent than the short-term rates.
We extract the latent level, slope and curvature of the yield curve from the raw yield data using the dynamic extension of the Nelson-Siegel (1987) model introduced by Diebold and Li (2006) . We also consider widely used empirical proxies for the three components of the yield curve. In particular, we use the 10-year yield as a proxy for the level of the yield curve. The empirical slope is the difference between the 10-year and 3-month yields. The empirical proxy for the curvature is defined as twice the 2-year yield minus the sum of the 3-month and 10-year yields. By comparing the forecasting performance of the latent factors and their empirical proxies, we are able to analyze whether the additional information encoded in the entire yield curve helps improve forecast accuracy.
The level, slope and curvature of the yield curve and their empirical proxies play a prominent role in the sequel. Thus, we focus on them now in some detail. Table   2 periods with high (low) slope are typically followed by high (low) industrial production growth. The informal picture, then, is that there is a positive relation between the slope of the yield curve and future economic activity. The evidence for the curvature is mixed. If anything, the curvature and industrial production growth seem to be negatively correlated in the earlier part of the sample but positively correlated in the latter part. This preliminary evidence suggests that the predictive ability of the curvature might have changed over time.
Macroeconomic data
The macroeconomic 
Empirical results
Next, we present the results of the out-of-sample forecasting exercise outlined in Section 2. The aim of this exercise is to analyze (i) whether the elements of the yield curve contain predictive power in a data-rich environment, (ii) whether the predictive ability fluctuates over time and (iii) whether the predictive power can be linked to economic conditions.
Out-of-sample forecasting results

MSFE results
We start our analysis by considering the whole out-of-sample period running from 1972:M5 to 2015:M7. The MSFE results for this period are summarized in Table 3 .
This Three main results emerge from Table 3 . First, the slope of the yield curve contains predictive power for U.S. industrial production growth in a data-rich environment. The model augmented with the slope produces more accurate forecasts than the benchmark model irrespective of which model specification or forecast horizon is considered. The improvements in forecast accuracy are quite large. However, the Giacomini and White (2006) test rejects the null of equal accuracy only in approximately one fourth of the cases. Second, neither the level nor the curvature of the yield curve are useful predictors of industrial production growth over the full out-of-sample period. In particular, the model augmented with the level of the yield curve performs poorly. Inclusion of the curvature factor increases forecast accuracy in a few cases. In these cases, however, the curvature makes only a very slight improvements over the benchmark. Third, the predictive ability of the estimated factors and their empirical counterparts seem to be alike. This finding is not surprising. As discussed in Section 3, the estimated factors and their empirical proxies are strongly correlated and display similar properties. If anything, the results in Table 3 suggest that the estimated slope factor outperforms the empirical slope. Furthermore, the empirical level and curvature seem to produce better forecasts than the estimated level and curvature factors, respectively. 
Sign predictability
Comparison between estimated and empirical yield curve factors
We proceed by comparing more formally the relative performance of the estimated factors and their empirical proxies. The goal of this exercise is to shed light on whether the additional information encoded in the entire yield curve helps improve forecast accuracy. To analyze the relative ranking of the methods, we compute the MSFE of the model augmented with the estimated factor relative to the MSFE of the model augmented with the corresponding empirical factor. In addition, we compute the fraction of observations for which the model that includes the estimated factor produces a smaller absolute forecast error than the model that includes the empirical factor. The results are summarized in Table 5 . The most important finding is that the estimated slope produces systematically smaller MSFE values than the empirical slope, often by quite a large margin. This implies that the slope estimated from the entire yield curve contains more predictive power for output growth than the empirical slope typically used in the previous literature. This finding is consistent with the results presented in Abdymomunov (2013) . The results are more mixed when we consider whether the model with the estimated slope qualitatively outperforms the model with the empirical slope. In general, the empirical slope performs better than the estimated slope. For the level and curvature of the yield curve, the empirical factors dominate the estimated ones regardless which measure of forecast performance is used. Therefore, for these two components of the yield curve, using information from the entire yield curve does not improve forecast accuracy.
Rolling relative MSFE values
The results reported in Tables 3-5 
Rolling sign predictability
Conditional predictive ability
As a final exercise, we investigate whether the predictive ability of the components of the yield curve can be linked to economic conditions. To do this, we employ the curve factor produces a more accurate forecast than the benchmark and zero otherwise.
Conditioning variables
We consider several conditioning variables. The first variable is the NBER recession dates. Faust et al. (2013) find that the credit spread discussed in their paper contains more predictive power in recessions than during normal times. In a similar vein, the predictive power of the yield curve could differ in recessions and expansions. The results in the previous literature suggest that changes in the predictive content of the yield curve often correspond closely to major changes in the conduct of monetary policy Haubrich, 2008a, 2008b; Giacomini and Rossi, 2006; Hännikäinen, 2015) .
To evaluate formally whether changes in the monetary policy affect the predictive ability, we divide our out-of-sample period into three monetary policy regimes. Bordo and Haubrich (2004) find that the slope of the yield curve forecasts output growth particularly well when inflation is highly persistent. Following the common practice in the literature, persistence is measured by the sum of the AR coefficients (see, e.g., Andrews and Chen, 1994; Benati, 2008; Clark, 2006; Pivetta and Reis, 2007) . 11 We estimate an AR(5) model for monthly inflation.
12 At each forecast origin, the parameters of the model are re-estimated using a rolling window of 60 observations, and inflation persistence is computed as the sum of the AR coefficients. We obtain a measure for output persistence using exactly the same procedure. Similarly, we use the 5-year rolling standard deviation of annual inflation as a measure of inflation volatility (cf. Lamla and Maag, 2012) . The behavior of the conditioning 10 D'Agostino and Surico (2012) also use these two periods when they investigate inflation predictability in the U.S. across the monetary regimes of the 20th century. For an in-depth discussion of U.S. monetary regimes, see Bordo and Schwartz (1999) .
11 We also considered the non-parametric measure of inflation persistence introduced by Marques (2005) . The results are similar for both measures of inflation persistence and hence we report the results only for the sum of the AR coefficients measure.
12 We select the lag order of the AR model using the 1972:M5-2015:M4 sample. The possible lag lengths are p = 1, . . . , 6, and we choose the model that minimizes the BIC and AIC. The BIC selects the model with three lags, and the AIC recommends the model with five lags. Overall, the preliminary analysis indicates that the AR(5) model fits the data the best. However, other model specifications yield similar estimates of inflation persistence.
variables is depicted in Figure 4. 
Conditional predictive ability tests
The results of the conditional predictive ability tests are summarized in Table 6 . For the sake of exposition, we concentrate on the DIAR model at h = 3 and h = 12 forecast horizons. The results for the slope of the yield curve are especially interesting. The null of equal conditional predictive ability between the model augmented with the slope and the benchmark model is rejected at the shortest forecast horizon. This means that the state of the economy affects the accuracy of the model with the slope relative to the benchmark model in a statistically significant way.
The most intriguing finding is that the performance of the slope depends on inflation persistence. The slope tends to forecast output growth better during periods when inflation is highly persistent (cf. Bordo and Haubrich, 2004) . This observation helps explain why the slope is a particularly informative leading indicator in the late 1970s and early 1980s (see Figures 2-4) . Theories of intertemporal consumption smoothing state that the real yield curve contains information about future real activity (Harvey, 1988) . It is worth emphasizing that the extent to which changes in the nominal yield curve studied in this paper reflect changes in the real yield curve depends on inflation persistence. Consider first the case where inflation is a random walk (i.e., very persistent). In this case, inflation shocks shift expected inflation at all horizons by an equal amount. Inflation shocks have no effect on the slope of the nominal yield curve, as short-and long-term rates move up by the amount of the permanently higher inflation rate. Because the nominal yield curve fluctuates one-for-one with the real yield curve, the predictive power intrinsic to the slope of the real yield curve translates to the slope of the nominal yield curve. However, when inflation has little persistence, inflation shocks increase short-term inflation expectations more than long-term inflation expectations. As a consequence, short-term rates rise relative to the long-term rates. This means that, for a given real yield curve, inflation shocks tend to flatten the nominal yield curve. Because the real yield curve and the nominal yield curve do not move hand-in-hand, the nominal yield curve is a less reliable predictor of future real activity.
Thus, according to the real yield curve explanation, a decrease in inflation persistence should lead to a decrease in the predictive power of the slope of the nominal yield curve. Our findings are consistent with this argument. Hence, our results can be seen as providing empirical support to Harvey's (1988) theoretical conjecture.
Another important finding from Table 6 is that the coefficient of inflation volatility is negative and statistically significant. This implies that the slope produces less accurate forecasts when inflation is highly volatile. Our analysis reinforces the finding that regime shifts in monetary policy play a role for the predictive content of the slope (see, e.g., Bordo and Haubrich, 2004 , 2008a , 2008b Giacomini and Rossi, 2006; Hännikäinen, 2015) . The dummy for the Great Moderation period (MPR2) is negative and statistically significant. Thus, the slope of the yield curve was a less reliable indicator of future real activity during the Great Moderation period. The coefficient on the NBER recession dates is insignificant, suggesting that whether the economy is in a recession or not does not matter for the predictive power of the slope. The level tends to produce less accurate forecasts when inflation is highly volatile. In addition, at the longer 12-month-ahead horizon, the model augmented with the level performs better relative to the benchmark when output persistence is low and output volatility is high. The conclusions are substantially different for the curvature factor. Table 6 leads us to conclude that none of the conditioning variables systematically affects the predictive ability of the curvature across all specifications and forecast horizons. Table 7 shows the results for the binary dependent variable specification. These results confirm our main findings from Table 6 
Examination of
Conditional predictive ability tests with quarterly data
As a sensitivity check, we repeat the above analysis using alternative conditioning variables. We replace the monetary policy regime dummies with three macroeconomic regimes discussed in Baele et al. (2015) . These regimes are derived from a NewKeynesian model that accommodates regime switches in systematic monetary policy and macroeconomic shocks. The macroeconomic regimes are the high inflation shock volatility regime, the high output shock volatility regime and the active monetary policy 13 The adjusted R 2 s for the slope regressions (not reported) range from 6.1% to 17.1%. The adjusted R 2 s for the level and curvature regressions are typically substantially lower than those for the slope regressions.
14 The adjusted R 2 s for the slope specifications range between 5.9% and 6.8%. Again, the adjusted R 2 s for the slope specifications are larger than those for the level and curvature specifications.
regime in which the Fed aggressively stabilizes inflation. The data for the macroeconomic regimes run from 1972:Q2 to 2008:Q2. Figure 5 shows the smoothed probabilities of the regimes. Because macroeconomic regimes are available on a quarterly frequency, we use quarterly (rather than monthly) observations in our exercise. Monthly forecasts and conditioning variables are aggregated to the quarterly frequency by using the value of the last month of each quarter.
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The results of this sensitivity analysis, reported in Tables 8 and 9 , confirm by and large the findings in Tables 6 and 7 . In particular, the positive relationship between inflation persistence and the predictive ability of the slope is robust to using quarterly specification and an alternative set of conditioning variables. Similarly, the negative link between inflation volatility and the predictive power of the slope is robust to using quarterly observations and alternative conditioning variables. An important finding from 
Conclusions
This paper examines the predictive power of the level, slope and curvature of the yield curve for U.S. real activity in a data-rich environment. Our analysis leads us to four main conclusions. First, of the three yield curve factors, the slope is the most informative leading indicator. We find that the slope contains predictive power for industrial production growth when the information encoded in a large set of macroeconomic predictors is already taken into account. In general, the level and curvature of the yield 15 To check whether the results in Tables 6 and 7 are overturned by using quarterly data, we estimate the same model specifications (excluding MPR3 dummy) over the 1972:Q2-2008:Q2 period. The results of this exercise are very similar to those in Tables 6 and 7. curve are not good predictors of future real activity. Second, the slope estimated from the entire yield curve produces more accurate forecasts than the empirical slope (i.e., the difference between the 10-year and 3-month yields). This is an important finding because the empirical slope is used extensively in the literature. In short, our results suggest that one should use the slope extracted from the entire yield curve rather than the empirical slope when forecasting subsequent real activity. Third, the predictive power of each of the components of the yield curve fluctuates over time. The slope was a particularly good leading indicator in the late 1970s and early 1980s, but it performed poorly in the late 1980s and early 1990s. On the other hand, the level contains predictive power only from the late 1980s to early 2000s. Fourth, and most importantly, the predictive power of the slope depends on economic conditions. The slope tends to forecast output growth better when inflation is highly persistent and when inflation is not highly volatile. The finding that the performance of the slope as a predictor of output growth depends on the persistence of inflation is an intriguing one because it provides empirical support for the real yield curve explanation for the predictive power suggested by Harvey (1988) .
Our results could be extended in several ways. We have considered the predictive power of the yield curve factors for U.S. industrial production growth. It would be interesting to know whether our results hold for other measures of real activity. In addition, evidence from other countries may lead to a better understanding of how economic conditions affect the predictive content of the yield curve. Therefore, analyzing the predictive ability further using, e.g., the international dataset of 10 countries studied by Wright (2011) might be a fruitful area for future research. (2006), we define the empirical level as the 10-year yield, the empirical slope as the difference between the 10-year and 3-month yields, and the empirical curvature as twice the 2-year yield minus the sum of the 3-month and 10-year yields. Giacomini and White (2006) test at the 1%(***), 5%(**) and 10%(*) significance levels, respectively. The truncation lag for the Newey-West (1987) HAC estimator is h-1, where h is the forecast horizon. Diebold and Mariano (1995) sign test at the 1%(***), 5%(**) and 10%(*) significance levels, respectively. Giacomini and White (2006) test at the 1%(***), 5%(**) and 10%(*) significance levels, respectively. The truncation lag for the Newey-West (1987) HAC estimator is h-1, where h is the forecast horizon. The lower panel reports the fraction of observations for which the forecasting model augmented with the estimated factor produces more accurate out-of-sample forecasts than the model augmented with the empirical factor. Asterisks mark rejection of the Diebold and Mariano (1995) sign test at the 1%(***), 5%(**) and 10%(*) significance levels, respectively. Notes: The figure plots the fraction of observations for which the forecasting model augmented with a yield curve element produces more accurate out-of-sample forecasts than the benchmark model. The fraction is computed using a rolling window of 150 out-of-sample observations. The forecasting period runs from 1972:M5 to 2015:M7. The forecasting model is DIAR, and the forecast horizon is h = 3 months. 
Appendix A
